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Abstract: Lipids represent a valuable target for metabolomic studies since altered lipid metabolism is
known to drive the pathological changes in cardiovascular disease (CVD). Metabolomic technologies
give us the ability to measure thousands of metabolites providing us with a metabolic fingerprint
of individual patients. Metabolomic studies in humans have supported previous findings into the
pathomechanisms of CVD, namely atherosclerosis, apoptosis, inflammation, oxidative stress, and
insulin resistance. The most widely studied classes of lipid metabolite biomarkers in CVD are phos-
pholipids, sphingolipids/ceramides, glycolipids, cholesterol esters, fatty acids, and acylcarnitines.
Technological advancements have enabled novel strategies to discover individual biomarkers or
panels that may aid in the diagnosis and prognosis of CVD, with sphingolipids/ceramides as the
most promising class of biomarkers thus far. In this review, application of metabolomic profiling for
biomarker discovery to aid in the diagnosis and prognosis of CVD as well as metabolic abnormalities
in CVD will be discussed with particular emphasis on lipid metabolites.
Keywords: metabolomics; lipidomics; biomarkers; cardiovascular disease; heart failure
1. Introduction
Cardiovascular disease (CVD) is the leading cause of death worldwide, accounting for
17.8 million deaths per year and its incidence rates are rising [1]. Dysfunctional cardiac en-
ergy metabolism is a major contributor to CVD. Specifically, lipids are of central importance
for the bioenergetic metabolism of the heart and are the primary focus of CVD metabolic
research. It is known that in the healthy heart, fatty acids (FAs) account for 60–90% of
ATP production while glucose provides the remainder [2]. The failing heart shifts away
from lipids toward a greater reliance on glycolysis, ketone body oxidation, amino acids
(e.g., branched-chain amino acids or BCAA), and lactate as sources of energy [3]. Despite
the many advancements in our understanding of cardiac metabolism, elucidation of these
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metabolic pathways remains a challenge, as well as the translation of metabolic findings to
the clinical setting, such as improved or novel diagnostic/prognostic biomarkers.
Metabolite profiling, or metabolomics, is the latest -omics approach for characterizing
small-molecule metabolite intermediates from canonical biochemical pathways and may
be a useful technology for dissecting biomarkers and mechanisms of metabolic dysfunction
in CVD. A metabolomic biomarker is different from a genomic, transcriptomic or pro-
tein biomarker, since metabolomic biomarkers typically comprise of groups of co-related
metabolites that change in concert, rather than the more independent changes observed
from other -omics biomarkers. The interdependence of metabolites results in a disease
signature which can be used to more precisely identify or predict disease states. It is
ultimately the metabolome, which provides biochemical feedback across all-omics layers,
which represents the closest link to the phenotype (Figure 1).
Figure 1. Overview of the -omic hieararchy and contributing factors to an individual’s phenotype.
The development of the lipidomics field, a subset of metabolomics which analyzes
lipid metabolites and related biochemical pathways, is particularly relevant as lipids
have previously shown to play a key role in the pathophysiology of CVD. Lipidomic
techniques use various methods such as nuclear magnetic resonance spectroscopy (NMR)
and mass spectrometry (MS) which can measure hundreds or even thousands of different
lipid metabolites. Despite the significant advantages of metabolomic biomarkers, no
diagnostic tests based on metabolomics have been introduced for clinical use; however,
several metabolomic prognostic biomarkers have been validated and one is recommended
by the Mayo Clinic (https://news.mayocliniclabs.com/ceramides-miheart/. Accessed
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5 June 2021). Several challenges could explain this lack of clinically useful metabolomic
biomarkers in cardiology practice. Challenges such as designing prospective metabolomic
studies with sufficiently powered and representative cohorts, availability or cost of sample
analysis using the proper technical platforms, analysis of complex metabolomic and clinical
datasets with effective knowledge translation to identify candidate biomarkers, and finally,
external validation of putative biomarkers.
In this review we highlight these challenges as well as different approaches for the
development of lipid metabolite biomarkers, summarize the findings of recent lipidomic
studies in human CVD studies, and discuss and how these findings may or may not
contribute to our understanding of the pathophysiology of CVD.
2. Lipidomic Biomarker Discovery Approach and Summarized Findings
We searched cohort-based studies which reported on circulating lipid-based metabo-
lites and their association with CVD outcomes. Several layers of keyword search criteria
were used in PubMed, Web of Science, and Google Scholar databases in the date range
January 2010 to July 2021. The keywords ‘metabolomics’, ‘lipidomics,’ ‘lipid metabolite
biomarkers,’ ‘cardiovascular disease,’ ‘heart failure,’ and their synonyms (i.e., fatty acids,
metabolite profiling) were used. The results were filtered based on the following inclusion
and exclusion criteria:
Inclusion criteria:
• Metabolomics studies using MS or NMR approaches
• Lipid or lipid-related metabolites selected in final model
• Human blood samples
• CVD outcomes
• Exclusion criteria:
• Exclusively proteomic or other non-metabolomic studies which did not incorporate
MS or NMR approaches
• Non-lipid or lipid-related metabolites selected in the final model
• Meta-analyses or literature reviews
• Animal studies
• in vitro studies
• Non-CVD outcomes
A total of 57 studies met these criteria and are summarized in Table 1. The designs
of the studies, analytical techniques, data processing/analysis, biomarker validation, and
translation to CVD pathomechanism are illustrated in Figure 2 and briefly discussed below.
Some additional studies were included in the technical section as examples to demonstrate
the use of particular methods.
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Table 1. Study characteristics of lipidomic studies in cardiovascular disease.
First Author, Year Study Design SampleMatrix Platform
Targeted vs.
Untargeted Outcome Cohort Characteristics
Candidate Lipid or Lipid-Related
Biomarkers
Ahmad, 2016 [4] Case-cohort Plasma FIA-MS/MS Not Specified CHF Death/Event CHF patients; 29% female; 64 mean age; 67%white Long chain acylcarnitines
Alshehry, 2016 [5] Case-cohort Plasma LC-MS/MS Targeted Incident CVD inT2DM
2 cohorts of T2DM patients; 39% female; 67
mean age; 20 countries from Asia, Australasia,
Europe, and North America
PC(O-36:1), CE(18:0), PE(O-36:4), PC(28:0),
LPC(20:0), PC(35:4), LPC(18:2),
DG(16:0_22:5), SM (34:1), PC (O-36:5)
Andersson, 2020 [6] Cohort,prospective Plasma LC-MS/MS Targeted Incident HF
Community-based cohort; 53% female; 55
mean age; MA, USA cohort PC 36:4, LPC 18:2
Anroedh, 2018 [7] Case-cohort Plasma LC-MS/MS,FIA-MS/MS Targeted CVD event/death
Patients who underwent diagnostic CAG or
PCI for ACS or stable angina pectoris; 25%




Cavus, 2019 [8] Case-cohort Serum LC-MS/MS,FIA-MS/MS Targeted Incident CHD
Population-based cohort; 39% female; 57 mean
age; 6 European cohorts: Finland, 2 Italy
cohorts, Germany, Denmark, Scotland
acyl-alkyl-PC C40:6, diacyl-PC C40:6,
acyl-alkyl-PC C38:6, diacyl-PC C38:6, and
diacyl-PC
Cheng, 2015 [9] Case-control Plasma LC-MS/MS,FIA-MS/MS
Untargeted and
Targeted CHF Diagnosis
CHF patients; 27% female; 61 mean age;
Taiwan medical center PC C34:4
Cheng-Laaksonen,
2015 [10] Case-cohort Plasma LC-MS/MS Targeted CVD event/death
Patients who underwent diagnostic CAG or
PCI for ACS or stable angina pectoris; 25%
female; 62 mean age; Netherlands medical
center
Cer-d18:1/16:0
Delles, 2018 [11] Case-cohort Serum NMR Targeted Incident HFhospitalization
Elderly individuals at high risk of CVD; 52%
female; 77 mean age; 1 Scotland, 1 Ireland, 1
Netherlands cohort
SCFA (acetate), phenylalanine
Fernandez, 2013 [12] Case-control Plasma FIA-MS/MS Targeted Incident CVD Population-based cohort; 47% female; 60 meanage; Swedish cohort
LPC16:0, LPC20:4, SM 38:2, TG48:1, TG48:2,
TG48:3, TG50:3, TG50:4
Floegel, 2018 [13] Cohort,prospective Plasma
LC-MS/MS,
FIA-MS/MS Targeted Incident MI
2 Population-based cohorts; 61% female; 49
mean age; 2 German cohorts
Acylalkyl-PC (C36:3), diacyl-PC (C38:3 and
C40:4)
Ganna, 2014 [14] Cohort,prospective Plasma LC-MS/MS Untargeted Incident CVD
3 Population-based cohorts; 37% female; 69
mean age; Northern European LPC-18:1, LPC-18:2, MG (18:2), and SM-28:1
Gao, 2017 [15] Case-control Plasma LC-MS/MS Untargeted Incident CAD Patients undergoing diagnostic CAG; 49%female; 59 mean age; Chinese medical center
LPC (20:4), LPC (16:0), PG(18:0/0:0), elaidic
acid, MG (0:0/18:2(9Z,12Z)/0:0), DG
(20:2(11Z,14Z)/18:3(9Z,12Z,15Z)/0:0)
Havulinna, 2016 [16] Cohort,prospective Serum LC-MS/MS Targeted Incident CVD
Population-based cohort; 53% female; 49 mean
age; Finnish cohort Cer-d18:1/18:0
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Table 1. Cont.
First Author, Year Study Design SampleMatrix Platform
Targeted vs.
Untargeted Outcome Cohort Characteristics
Candidate Lipid or Lipid-Related
Biomarkers
Holmes, 2018 [18] Nestedcase-control Plasma NMR Targeted Incident CVD
Population-based cohort; 52% female; 45 mean
age; Chinese cohort Total FA, omega-6 FA, linoleic acid, PUFA
Jadoon, 2018 [19] Case-cohort Serum LC-MS/MS Targeted CKD + IncidentCVD
CKD patients; 49% female; 62 mean age; 70%
white SCFA (valerate)
Ji, 2018 [20] Case-control Serum LC-MS/MS Targeted CHF progression CHF patients; 20% female; 57 mean age; NY,USA medical center
Cer16, Cer18, Cer20:1, Cer20, Cer22:1, and
Cer24:1
Kalim, 2013 [21] Nestedcase-control Plasma LC-MS/MS Targeted CVD death
Hemodialysis patients; 47% female; 70 mean
age; 69% white Oleoylcarnitine (C18:1)
Laaksonen, 2016 [22] Case-cohort Plasma LC-MS/MS Targeted CVD death
Patients undergoing CAG; 31% female; 69






Lemaitre, 2019 [23] Cohort,prospective Plasma LC-MS/MS Targeted Incident HF
Population-based cohort; 60% female; 76 mean
age; 16% black from 4 US communities NC,
CA, MD, PA
Cer-16, SM-16, Cer-22, SM-20, SM-22, and
SM-24
Lu, 2017 [24] Case-control Plasma LC-MS Untargeted andTargeted MI
MI and stable angina patients; 75% female; 59
mean age; China medical center
9 oxyphospholipids (HODA-PC, KDdiA-PC,
D2/E2-IsoP-PC, PEIPC, HETE-PC, IsoF-PC,
PECPC, F2-IsoP-PC, HODE-PC), 9
hydrolyzed FA (20-HETE, 11,12 DHET,
13-HODE, 5-HETE, D2/E2-IsoP, 14,15-DHET,
5,6-DHET, 14(15)-EET, 9-HODE)
Mayerhofer, 2020 [25] Case-control Plasma LC-MS/MS,GC-MS Targeted
All-cause mortality
or listing for heart
transplant
CHF patients; 59% female; 59 median age;
Norway cohort TMAO, SCFA (butyrate)
McGranaghan, 2020,





CHF patients; 26% female; 72 mean age;
German medical center
SM d18:1/23:1, SM d18:2/23:0, SM
d17:1/24:1, TG 18:1/18:0/18:0, PC 16:0/18:2
Meikle, 2011 [28] Cross-sectional Plasma LC-MS/MS Targeted
unstable
CAD/stable CAD
de Novo CAD patients; 22% female; 66 mean
age; Australian cohort 10 species of PE(O)
Miller, 2012 [29] Cohort,prospective Plasma LC-MS/MS Not Specified Incident CAD
Chest pain or angina patients; 38% female; 48









CHF patients; 30% female; 59 mean age; 3
German medical centers
SM d18:1/23:1, SM d18:2/23:0, SM
d17:1/24:1, TG 18:1/18:0/18:0, PC 16:0/18:2
Mueller-Hennessen,





CHF patients; 0% female; 50 mean age;
Germany medical center
Cholesterol, Behenic acid (C22:0), Lignoceric
acid (C24:0), Linoleic acid (C18:cis [9,12] 2),
Tricosanoic acid (C23:0), LPC (C17:0), LPC
(C18:0), LPC (C18:1), LPC (C18:2), PC (C16:1,
C18:2), 5-O-Methylsphingosine,
erythro-Sphingosine, Phytosphingosine
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Table 1. Cont.
First Author, Year Study Design SampleMatrix Platform
Targeted vs.
Untargeted Outcome Cohort Characteristics
Candidate Lipid or Lipid-Related
Biomarkers
Mundra, 2018 [32] Case-cohort Plasma LC-MS/MS Targeted CVD event/death
Patients with MI or unstable angina; 18%
female; 63 median age; Australia and New
Zealand medical centers
PC (O-34:2), PC (38:5), PI (38:3), PC (O-36:1),
GM3(d18:1/16:0), PI (18:2/0:0), PE (38:6)
Nwabuo, 2019 [33] Cross-sectional Plasma LC-MS/MS Targeted
Echo measures
correlation
Community-based cohort; 65% female; 66
mean age; MA, USA community Cer16:0/Cer24:0
Ottosson, 2021 [34] Case-control Plasma FIA-MS/MS Untargeted Incident CAD Population-based cohort; 60% female; 58 meanage; Swedish cohort
PC 15:0;0_18:2;0, PC 17:0;0_20:3;0, PC
16:0;0_20:1;0, PC O 16:2;0_18:0;0, SM 34:1;2,
DAG 18:1;0_18:3;0, PI 16:0;0_20:4;0; CE 18:0;0
Paapstel, 2017 [35] Case-control Serum LC-MS/MS,FIA-MS/MS Targeted Atherosclerosis
PAD and CAD patients; 0% female; 63 mean




Paynter, 2018 [36] Case-control Plasma LC-MS,LC-MS/MS Untargeted Incident CVD
Post-menopausal women cohort; 100% female;
67 mean age; 77% white Hydroxy-PC (C34:2)
Peterson, 2018 [37] Case-control Plasma LC-MS/MS Targeted Incident CVD; HF 2 Community-based cohorts; 53% female; 60mean age; 2 US communities MO and MA C24:0/C16:0





Razquin, 2017 [39] Case-cohort Plasma LC-MS Untargeted Incident CVD Population-based cohort; 57% female; 67 meanage; Spanish cohort
Polyunsaturated PCs, LPCs,
PC-plasmalogens, CEs, long TGs, short TGs
(saturated/monounsaturated), hPCs and,
MGs, DGs and PEs
Rizza, 2014 [40] Cohort,prospective Serum
LC-MS/MS,
FIA-MS/MS Targeted CVD event/death
Geriatric ambulatory patients; 43% female; 77
mean age; Italian medical center
medium-long-chain acylcarnitines (acetyl
carnitine C2, C6, C8, C10, C10:1, C12, C12:1,
C14, C14:1, C14:2, C16, C16:1, C18:1, C18:2)
Seah, 2020 [41] Cohort,prospective Plasma LC-MS/MS Targeted CVD event/death
Population-based cohort; 53% female; 49 mean
age; Singapore Chinese cohort
total monohexoylceramides, total long-chain






Plasma LC-MS/MS Targeted CVD event/death Cardiac catheterization patients; 24% female;46 mean age; 67% white
Short-chain dicarboxylacylcarnitines;
medium-chain acylcarnitines
Shah, 2012 [43] Cohort,prospective Plasma LC-MS/MS Targeted
All-cause mortality
or MI
Cardiac catheterization patients; 38% female;




Sigruener, 2014 [44] Cohort,prospective Plasma FIA-MS/MS Targeted Mortality
Hospitalized coronary angiography patients;
30% female; 63 mean age; 100% white PC-32:0, SM-16:0, SM-24:1 and CM-24:1
Stegemann, 2011 [45] Case-control Plaque;Plasma FIA-MS/MS Targeted Atherosclerosis
Endarterectomy patients; 29% female; 69 mean
age; British cohort 10 CEs, 9 SMs, 8 LPCs, and 31 PCs
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Table 1. Cont.
First Author, Year Study Design SampleMatrix Platform
Targeted vs.
Untargeted Outcome Cohort Characteristics
Candidate Lipid or Lipid-Related
Biomarkers
Stegemann, 2014 [46] Cohort,prospective Plasma FIA-MS/MS Targeted Incident CVD
Population-based cohort; 52% female; 66 mean
age; 100% white TG-54:2, CE-16:1, and PC-36:5









Plasma GC-MS/MS Targeted Incident MI Population-based cohort; 35% female; 66 meanage; Singapore Chinese cohort
Long-chain n-3 fatty acids, stearic acid, and
arachidonic acid
Syme, 2016 [49] Cohort,observational Serum LC-MS/MS Untargeted Incident CVD
Population-based cohort; 52% female; 15
median age; Canadian Cohort PC-16:0/2:0, PC-14:1/0:0
Tang, 2013 [50] Cohort,prospective Plasma LC-MS/MS Targeted CVD event/death
Cardiac catheterization patients; 36% female;
63 mean age; Cleveland, Ohio USA Medical
Center
TMAO
Tang, 2014 [51] Cohort,prospective Plasma LC-MS/MS Targeted
All-cause mortality
IN CHF
Patients who underwent diagnostic CAG; 41%
female; 66 mean age; Cleveland, Ohio USA
Medical Center
TMAO
Tarasov, 2014 [52] Case-control Serum LC-MS/MS,FIA-MS/MS Targeted CVD Death





Tzoulaki, 2019 [53] Cohort,prospective Serum NMR Untargeted
Atherosclerosis/
Incident CVD
3 Population-based cohorts; 47% female; 63
mean age; 53% white Triglycerides, Phospholipids, CE
Vaarhorst, 2014 [54] Case-cohort,prospective Plasma NMR Untargeted Incident CVD
Population-based cohort; 51% female; 49 mean
age; Netherlands cohort TMAO, an unsaturated lipid structure
Vorkas, 2015 [55] Cross-sectional Serum LC-MS/MS Untargeted Calcific CAD
Exertional angina patients; 59% female; 65








[56] Case-cohort Plasma LC-MS Untargeted Incident CVD
Population-based cohort; 53% female; 69 mean
age; Spanish cohort








Stable non-symptomatic subjects undergoing
elective cardiac evaluations; 51% female; 64
mean age; Cleveland, Ohio USA Medical
Center
TMAO, choline, betaine
Wang-Hu, 2017 [58] Case-cohort,prospective Plasma LC-MS/MS Targeted Incident CVD
Population-based cohort; 57% female; 67 mean
age; Spanish cohort Cer(16:0), Cer(22:0), Cer(24:0), Cer(24:1)
Metabolites 2021, 11, 621 8 of 26
Table 1. Cont.
First Author, Year Study Design SampleMatrix Platform
Targeted vs.
Untargeted Outcome Cohort Characteristics










2 Population-based cohorts; 56% female; 72
mean age; 1 German and 1 Spanish cohort PC C16:0/C16:0 and CerC16:0





3 Population-based cohorts; 57% female; 56
mean age; 1 Finnish and 2 UK cohorts
MUFA, omega-6 fatty acid, docosahexaenoic
acids





Targeted HFrEF vs HFpEF




SM(C24:1), octanoylcarnitine, and SM(C20:2)
Abbreviations: ACS, acute coronary syndrome; CA, California; CAD, coronary artery disease; CAG, coronary angiogram; CE, cholesterol ester; Cer, ceramide; CHF, congestive heart
failure; CVD, cardiovascular disease; DG, diglycerol; FA, fatty acid; FIA, flow injection analysis (used here for shotgun approaches); GC, gas chromatography; HF, heart failure; HFpEF,
heart failure with preserved ejection fraction; HFrEF, heart failure with reduced ejection fraction; hPC, hydroxylated phosphatidylcholine; IM, Ion mobility; LC, liquid chromatography;
LPC, lysophosphatidylcholine; MA, Massachusetts; MD, Maryland; MG, monoglycerol; MI, myocardial infarction; MS, mass spectrometry; MUFA, monounsaturated fatty acid; NC,
North Carolina; NMR, nuclear magnetic resonance; NY, New York; PA, Pennsylvania; PAD, peripheral artery disease; PC, phosphatidylcholine; PCI, percutaneous coronary intervention;
PE, phosphatidylethanolamine; PE(O), alkylphosphatidylethanolamine; PG Phosphatidylglycerol; PI, phosphatidylinsitol; SCFA, short-chain fatty acids; SM, sphingomyelin; TG,
triacylglycerol; TMAO, trimethylamine-N-oxide; UK, United Kingdom; UT, Utah.
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Figure 2. General metabolomic approach for biomarker analysis.
2.1. Sample Selection
Metabolomic studies can be performed on a variety of biological matrices, including
serum, plasma, urine, cerebrospinal fluid, tissue extracts [62], and even on stool sam-
ples [63]. For CVD biomarker studies, plasma or serum is typically used since blood-based
biomarker tests are minimally invasive and the most practical to implement in the clinic.
Serum is devoid of clotting factors and has both a different metabolite profile and different
concentrations of individual metabolites than plasma, which is the cell free component of
blood and has been treated with an anticoagulant [64]. Plasma is more commonly used
in CVD metabolomic studies because of its quicker and simpler processing, better repro-
ducibility, and the lack of time-consuming and potentially variable clotting process [65].
When preparing the sample, there is potential for introducing confounding factors if blood
samples are collected and processed without proper standardized operating procedures
(e.g., fasting, standardized time and processing procedure of blood, same brand, batch and
type of anti-coagulant tubes). Where possible, confounding factors should be controlled
for as part of the design-of-experiment (DoE) including the type of anti-coagulant used,
hemolysis, excessive freeze-thaw cycles, storage time and excessive room temperature
exposure, or matching potential clinical confounding factors between groups (e.g., age, sex,
BMI, medication, smoking status, location) [66]. Specific metabolite biomarkers can also be
used to control for sample quality, for example, to see whether blood plasma or serum has
been appropriately collected and stored [67,68]. Some potential lipid biomarkers of disease
e.g., O-phosphoethanolamines in serum, are also reported to change with only six hours
storage at 4 ◦C [68]. Knowledge of such biomarkers enables certain samples to be flagged
for removal on quality grounds.
In this review, the most commonly analyzed biological matrix was plasma (n = 43),
and the next most common was serum (n = 17). There were 2 metabolomic studies which
used both serum and plasma [17,47]. Sample selection and storage specifications were not
consistently reported across the studies. In some cases, samples were stored for 15 years or
more prior to analysis [6,11,12,54] in which degradation of some metabolites is possible.
We are not aware of any of the studies from our review that reported on the measurement
of preanalytical quality markers or adjusted for sample preanalytical confounders. Most
studies (n = 37) included a majority white or European population, and most studies (n
= 35) included a majority male population. There was only one study which included an
all-female population [36]. About half (n = 25) of the studies included a population with a
mean/median age of 65 or older.
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2.2. Untargeted and Targeted Approaches
Both NMR and MS platforms can be used to characterize metabolite profiles either in
a targeted manner, or in an untargeted manner depending on the study design. Targeted
metabolomics measures a distinct, well characterized set of metabolites of known identity—
typically several dozen to hundreds. Mass spectrometers are more sensitive when operated
in targeted mode, acquiring data only for ions with specific pre-determined mass-to-charge
ratios (m/z) and their specific fragments. Although the targeted approach generates a
narrower view of the metabolome that is biased toward a predefined set of analytes,
researchers have more confidence in the output because they know the identity of the
signals, it enables full validation of a method, and absolute quantification is possible.
By contrast, untargeted metabolomics attempts to analyze all metabolites within a
sample in an unbiased manner mainly for hypothesis generating studies. In untargeted
metabolite profiling, hundreds to thousands of signals are analyzed, of which the identities
of most are unknown [69]. Although an untargeted approach can detect thousands of
signals, it requires more time and resources in order to identify unknown metabolites and
the m/z are often insufficient to confidently assign peak identities. Many detected signals
are also not of biological interest or reproducible, leading to an excess of noise in the data.
Some estimates put the number of molecular ion peaks to be as low as 5 to 10% of the
final total of detected peaks. To aid in metabolite identification, spectral and retention
time libraries of known analytical standards are typically used but many have typically
focused on polar metabolites and have not been so useful for lipids. This is beginning to
change. Available databases include ChemSpider (http://www.chemspider.com. Accessed
6 August 2021), METLIN [70], Human Metabolome DataBase (HMDB) [71], MassBank [72],
mzCloud (https://www.mzcloud.org. Accessed 6 August 2021), GNPS (http://gnps.
ucsd.edu/. Accessed 6 August 2021), LipidBlast [73], and NIST Mass Spectral Library
(http://chemdata.nist.gov. Accessed 6 August 2021)). Identification has been further
improved by the development of in-silico fragmentation tools for mass spectrometry
data such as LipidFrag [74], LipiDex [75] and LipidMatch [76] which normally pair in-
silico fragmentation with existing lipid databases to maximize coverage of lipid species
annotation. For targeted applications, the focus is on desired analytes with pre-defined
identities and external libraries are not required. The final selection of analytical platform
for a CVD study will depend on cost and time requirements, targeted vs untargeted
approach, and the identity of metabolites of interest.
In our review, there were n = 39 studies which used a targeted approach, n = 12 used
untargeted, and n = 9 used both [9,24,26,27,30,31,59–61]. The number of lipids analyzed
ranged between 3–400.
2.3. Analytical Platforms
Once the proper cohort, outcomes, targeting approach, and samples are prepared, a
metabolomic analytical platform should be selected. In metabolomic biomarker studies,
multiple platforms are ideally employed, such as MS or NMR, since no single analytical
method can accommodate the entire metabolome. Certain analytical platforms are advan-
tageous in some areas while they may also lack certain important capabilities. For instance,
NMR requires fewer sample preparation steps and is non-destructive, so samples can be
later used for further analysis. It is also highly reproducible. However, it is expensive, less
sensitive than other methods and will not detect some of the less abundant compounds
without further pre-analytical separation. Complex lipid mixtures also hold particular
challenges for NMR due to their very similar structures. MS can be coupled to a variety of
separation techniques including gas and liquid chromatography (GC and LC, respectively).
MS is more sensitive and can detect a wider range of metabolites but is less reproducible
compared to NMR. Although MS has been criticized to provide less information on chemi-
cal identity than NMR, MS fragmentation as well as recent advancements in bioinformatic
methods for the automatic annotation of chromatographic-mass spectral data can provide
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some structural information [77–80]. The advantages and disadvantages of NMR and MS
have been reviewed previously [66] and are briefly described below.
In lipidomics research the two main MS-based methods are LC-MS and shotgun
lipidomics. Both rely on electrospray ionization (ESI) technology to convert a liquid sample
into an ion spray which can then be directed into the mass spectrometer for analysis.
Shotgun lipidomics is a technique which was prevalent at the beginning of CVD lipidomics
research. This technique directly infuses an extracted and reconstituted sample into a mass
spectrometer (e.g., direct infusion mass spectrometry, DIMS, or flow injection analysis, FIA)
for the detection of lipid metabolites without any chromatographic or other forms of prior
separation. By contrast, LC-MS uses liquid chromatography to separate the lipid species
before they are analysed by the mass spectrometer. Shotgun lipidomics has the advantage
that it can analyze hundreds of lipids with relative simplicity of operation and shorter
run times than chromatographic techniques [81]. However, the lack of separation means
there are larger matrix effects such as ion suppression or ion enhancement often caused
by the alteration of ionization efficiency of target analytes in the presence of co-eluting
compounds in the same matrix. One probable cause of ion suppression is a result of
several species competing for charge in an electrospray droplet. This can decrease the
detection capability and measurement accuracy of affected compounds [82]. Another
matrix effect is ion enhancement, or an increase in ion efficiency [83]. Both matrix effects
can dramatically affect sensitivity and quantitation, therefore, they must be evaluated
when validating a lipidomic method. Correction for matrix effects can be performed
by using a specialized internal standard calibration procedure, such as using a stable
isotope-labelled (analogue) of the analyte as an internal standard. Other methods to
correct for matrix effects have been previously reviewed [84]. Though both LC-MS and
shotgun approaches can suffer from matrix effects, shotgun lipidomics is impacted more
due to the lack of prior separation, resulting in a more complex lipid mixture entering the
electrospray. For the same reason, shotgun lipidomics has a higher technical measurement
variability between samples than other methods. Another considerable drawback for
shotgun lipidomics as a method is the challenge of accurate identification of the various
lipid species which share the same theoretical accurate mass. On the one hand, different
strategies can be employed to mitigate for such shortcomings such as enhancing sensitivity
by the derivatization of the amino head group [85–87]. On the other hand, depending on
the method(s) used, differing amounts of structural information will be collected for each
analyte. Quantification is also a challenge for isobaric/isomeric mass overlap between
lipid species, which may or may not be from the same lipid class (e.g., the ammonium
acetate adduct of a phosphatidylcholine ion [PC + HAc−]− has the same mass as a negative
phosphatidylethanolamine ion [PE + H−]−). Even where fragmentation is used to identify
the head group, and thus the lipid class, some of the observed signal may still be due to
another lipid species, for example, isobaric phosphatidlycholine species with different fatty
acid chains and the same total number of double bonds (e.g., PC 16:0_22:6 and PC 18:2_20:4).
Despite the potential drawbacks, shotgun approaches are still employed, including in some
commercial kits (e.g., Biocrates GmBH, Innsbruck, Austria) which have reasonable success
with this approach [88].
Having a separation step prior to mass spectrometry improves the identification,
quantification accuracy and coverage of lipids. LC–MS is one of the most popular methods
for lipidomic research because of the relatively low cost, quick turn-around, and high
sensitivity. Due to its detection sensitivity, this platform can measure thousands of lipids
from a very small sample volume. LC separates lipids based on their interaction with a
stationary phase and into their respective physicochemical properties, i.e., carbon-chain
length and the number of double bonds, all of which affect the retention time on the LC
column. After chromatographic separation, the isolated lipids undergo ionization and
frequently also a controlled fragmentation step or steps (MS/MS or MSn), and the molecular
ions and/or their fragments are detected using a mass analyzer. LC-MS still suffers from
matrix effects and ion suppression, but to a lesser extent than shotgun lipidomics.
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NMR has increasingly been used in lipidomic studies. NMR exploits a property called
“spin” that exists in nuclei types (including 1H, 13C, 15N, and 31P) [89]. A magnetic field
briefly excites a specific nucleus type, and the resulting relaxation of the nuclei is then
measured. The resonance frequency of each nucleus is influenced by the shielding of
the magnetic field by its nearest neighbors and the couplings between nearby nuclear
spins. It is these properties that enables NMR to give structural information. However,
identification of individual lipid species in complex mixtures is more challenging and
may require samples of the pure compound. In complex mixtures, the 1H NMR signals
of other molecular species overlap in the same spectral regions as for lipids. In most
CVD metabolomic studies it is important to classify individual species, since the relevant
lipid classes are complex heterogenous groups of compounds with unique biological
mechanisms [90]. Various methods have been developed to improve the identification
e.g., 2D heteronuclear single quantum coherence (HSQC) [91,92], or aliphatic chain length
by isotropic mixing (ALCHIM) [93] but with the loss of quantification ability, but most
examples we give below have used variations of 1H NMR.
Using a separation method first, such as liquid chromatography (LC-NMR), could
solve the main drawback of signal complexity and allow structural elucidation [94]. This
technique has not gained much momentum in the field of CVD yet, although there are
some pre-clinical examples [95]. Moreover, compared to LC–MS and shotgun lipidomics,
NMR-based lipidomics is much less sensitive, requires relatively long measurement times
and has a low sample throughput.
In our review we found that most studies (n = 53) used MS-based platforms; while
shotgun lipidomics (i.e., FIA) was used in n = 6 studies, LC-MS was used in n = 36 studies
and n = 9 used a combination of both. NMR was used in n = 4 studies, and n = 3 used both
NMR and MS [57,60,61].
2.4. Data Processing and Analysis
Metabolomic analysis can generate hundreds to thousands of data points per sample.
Thus, the ability to interpret and analyze metabolomics data relies heavily on advanced
computational approaches. Considerations and challenges in metabolomics data processing
and analyses have recently been reviewed [96,97]. Other reviews detail the step-by-step pro-
tocols for metabolomics data processing [98,99]. Appropriate processing of metabolomics
data is essential to produce dependable and high-quality data sets that will ultimately be
used for analyses, as briefly described below.
After samples are chemically analyzed, raw data are typically pre-processed using soft-
ware from instrument companies or from open sources such as Skyline [100], XCMS [101],
MZmine [102], Metaboanalyst [103] or NMRProcFlow [104]. The process is a little different
for targeted and untargeted methods. The specificity of the data collected in targeted
metabolomics makes data processing and analysis less labor intensive than larger more
complex datasets of untargeted metabolomics. Crucially, it also allows for accurate absolute
quantification in some instances. For MS data, this process identifies and quantifies features
in the data (“peak picking”), aligns the same metabolic feature across different samples and
normalizes data to account for technical differences. Chemical identification of the features
may also take place at this point, and for targeted analysis, an absolute concentration can be
ascribed if a calibration curve and an internal standard (ISTD) have been used. Data may
also be corrected for inter and intra-batch drift, normally based on results from repeating
analyses of quality control (QC) samples. After this correction, a quality assurance (QA)
protocol is performed to remove metabolite features with poor repeatability across QC
samples.
Once data is processed and ready for analysis, the association of individual metabolites
with an outcome of interest is modeled using univariate and multivariate methods. Similar
to issues in data processing, there currently exists little uniformity in the biostatistical
analysis of metabolomics data. Where univariate methods are employed, false discovery
correction is an important step to adjust for multiple comparisons. Benjamini-Hochberg
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or Family wise error (FWE) are common methods. This reduces the likelihood of a false
association for each biomarker. Data reduction approaches (e.g., principal components
analysis (PCA)) are often applied to reduce the statistical burden of multiple comparisons,
given the collinearity between metabolites due to the shared biological pathways. An
advantage of data reduction approaches is that the identification of interrelated groups of
metabolites can highlight underlying biology in ways that selection of single metabolite
analysis cannot. Other commonly used methods to optimize biomarker identification in
high-dimensional metabolomic data include partial least squares-discriminant analysis
(PLS-DA), least absolute shrinkage and selection operator (LASSO), and rule-based ap-
proaches (e.g., random forests). The identified biomarkers, or groups of biomarkers can
then be used to build a parsimonious model to identify disease (diagnosis) or predict dis-
ease outcomes (prognosis). Newer approaches include the use of higher levels of machine
learning to identify important differences between groups [105].
Such multivariate approaches require stringent model validation for the results to be
robust and reproducible. Typically, the study population is randomly divided into two
groups, a training set and a validation set. The training set is used to build the model
and identify the most predictive biomarkers. The validation set is used to determine
whether the validity of the biomarkers/model is maintained. Cross-validation is usually
performed to test the biomarkers/model in multiple mutually exclusive training and
validation sets and is meant to compensate for overfitting. In the best studies, there is also
a third, independently collected and analyzed dataset, the test set. The test set is meant to
further validate the robustness of the model on new data and is considered gold standard
for a study. The predictive performance can be evaluated and compared in each data set
using discrimination statistics (sensitivity, specificity), using Harrell’s c-statistic [106] or
plotted on a receiver operative characteristic (ROC) curve. To measure risk reclassification
after adding the new biomarkers to a base model (e.g., incremental predictive value),
both net reclassification indexes as well as integrated discrimination improvement can be
calculated [107].
Following biomarker identification, external validation is essential in order to further
establish a biomarker’s performance and evaluate whether it can be generalized to other
populations other than the one used during development. Although internal validation
is also meant to establish a biomarker’s performance, it involves collecting, processing,
and analyzing samples under identical conditions, which could naturally carry biases
between the training and validation sets. Therefore, validation of the identified biomarkers
in large external cohorts which closely represent the discovery cohort should be carried out.
Following adequate validation, the next steps toward commercialization of the biomarker(s)
can be considered.
In our review we found that most metabolomic studies employed their own com-
bination of statistical models specific to their data, but some overlap can be noted. In
n = 24 studies multiple hypothesis testing was used to reduce the false discovery rate
(FDR). Some studies which did not perform multiple hypothesis testing were focused on
validating a previously discovered biomarker/model [17,26,50]. There were n = 21 studies
which used a dimensional reduction with the most common being PCA (n = 12 studies),
followed by LASSO (n = 6). Cox Regression was the most common method for evaluating
the association of a model with the outcome (n = 33). In n = 34 studies, a prediction model
with discrimination statistics was reported but only n = 15 were externally validated. Of
the validated biomarkers/models, the most common lipid metabolite class included in
the final model was phospholipids (n = 30 biomarkers across 10 studies), followed by
sphingolipids (n = 18 biomarkers across 9 studies). The most common outcome of the
externally validated studies was predicting incident heart failure (n = 6) as well as incident
composite CVD (n = 6).
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2.5. Diagnostic and Prognostic Value
Currently, the clinical standard for diagnosis and prognosis for CVD depend on
protein-based biomarkers such as troponins and N-terminal pro-B-type natriuretic pep-
tide (NT-proBNP) for diagnoses, and LDL or HDL for prognosis. Other protein and
hormonal biomarkers have been investigated [108–110]; however, these biomarkers might
not be as specific as metabolomic biomarkers. Unlike these conventional clinical analytes,
metabolomic biomarkers are heavily influenced by demographic, nutritional, medica-
tion, and environmental factors which may provide a more precise phenotype and add
diagnostic and/or prognostic value.
The added predictive value of different biomarkers was assessed in n = 31 studies
which reported discrimination statistics (c-statistic/AUC). Overall, the average increase
in c-statistics/AUC after adding metabolite biomarker to a base model was 0.0549 (SE
0.0141). The most common class of metabolite biomarkers used in the prediction models
was phospholipids (n = 53 biomarkers across 19 models), followed by sphingolipids
(n = 35 across 15 models). For congestive heart failure (CHF) prediction studies (n = 8),
the average increase in c-statistics/AUC was 0.0752 (SE 0.0460), with the most common
biomarker class of sphingolipids (n = 10 across 6 models), followed by phospholipids (n = 4
across 4 models). A major challenge with comparing metabolomic studies stems from
the variability of techniques and data reporting across studies, but it can be foreseen that
more commercialization efforts of metabolomic biomarkers will emerge as the number of
validation studies increases.
3. Lipid Metabolism Translation from Human CVD Studies
Lipids are essential for the short-term metabolic flexibility of the heart to consistently
generate the required energy to adequately function. Decreased fatty acid oxidation and a
greater reliance on glycolysis for ATP production is a major metabolic characteristic of the
failing heart [111]. The lipidome could represent the integration of information stemming
from the heart’s metabolic flexibility and the energy substrate availability. Even though
changes in the levels of numerous metabolites have been shown to occur in the failing
heart (BCAA, lactate, ketones), specific lipid metabolites appear to consistently change in
metabolomic profiles of CVD patients, namely sphingolipids, phospholipids, glycolipids,
cholesterol esters, fatty acids and acylcarnitines. Previous systematic reviews and a meta-
analysis of metabolomic prediction studies in CVD found the majority of studies reported
altered lipid metabolites [112,113].
In lipid metabolism, metabolically closely related compounds can have opposite
systemic effects, for example, initiating versus resolving inflammatory responses, likely
producing divergent disease associations of correlated metabolites. Therefore, distinction
of different metabolite species within a lipid class may be important to distinguish different
biological processes. For instance, cell experiments show that ceramide 16:0 is proapoptotic,
while ceramide 24:0 seems to be protective against apoptosis [114]. Alsehry et al. and
Fernandez et al. identified specific triacylglycerol (TG) species which were associated
with a decreased risk of CVD, even though the consensus is total increased plasma TG
concentration is considered a risk factor for CVD [12]. Conflicting results of lipid species
is also not unusual in human studies. For example, ceramide C24:0 was associated with
lower risk of CVD in the Framingham Heart Study and Study of Health in Pomerania [37]
but was associated with higher risk of CVD in the PREDIMED Trial [58]. A recent meta-
analysis of metabolomic biomarkers in CVD prognosis studies found opposing effect sizes
of metabolite biomarkers in all classes except for acylcarnitines [112].
Recently, Tomczyk et al. reviewed lipidomic findings from a variety of CVD models
in animal, in vitro, tissue, and human studies, and compared the direction of change of
biomarkers. We were not interested in the direction of the change of metabolites in this
review since we are not confident that useful information based on direction of change
can be extrapolated due to the layers of heterogeneity in human metabolomic studies. For
example, some studies include patients with complex syndromes such as type 2 diabetes
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which involve multiple organ systems that may affect the blood-based metabolomic profile.
It is possible that an aberrant metabolite concentration may be due to comorbidities,
disease severity, or medication effects that may influence different metabolic pathways
and be reflected in the blood profile. Therefore, human studies cannot be considered
definitive in informing us about pathomechanisms of CVD. Extrapolating information
of defective metabolic mechanisms based on blood samples must be interpreted with
caution. Regardless of these limitations, summarizing lipidomic findings in human studies
can enhance our understanding of disease pathomechanisms or help guide researchers
to discover more useful biomarkers, especially when considering a targeted approach or
specific cohorts.
3.1. Summary of Lipidomic Findings and Potential Pathomechanisms
From the n = 57 studies, there was a total of n = 298 lipid biomarkers across n = 6
lipid subclasses. The most commonly reported metabolite class was phospholipids with
n = 130 biomarkers across n = 30 studies, followed by sphingolipids n = 86 biomarkers
in n = 28 studies, glycolipids n = 23 biomarkers in 12 studies, cholesterol esters (CE)
n = 19 biomarkers in n = 9 studies, FA n = 30 biomarkers in n = 11 studies, acylcarnitines
n = 10 in n = 6 studies. In cohorts of coronary artery disease (CAD) and atherosclerosis
(n = 11), phospholipid biomarkers were most commonly reported (n = 59) followed by
sphingolipids (n = 40), CE (n = 10), and glycolipids (n = 3). In studies, which measured the
association with incident CVD (n = 20), phospholipid biomarkers were most commonly
reported (n = 35) followed by sphingolipids (n = 20), and glycolipids (n = 16). In studies
of incident CHF (n = 9) sphingolipids biomarkers were most commonly reported (n = 15)
followed by phospholipids (n = 10), and FA (n = 7). Possible mechanisms connected to
these findings include atherosclerosis, cardiomyocyte apoptosis, inflammation, oxidative
stress, and insulin resistance, briefly discussed below.
3.2. Acylcarnitines and Fatty Acids
The healthy heart is characterized by metabolic flexibility, that is, the ability to switch
between energy sources to adapt to changing physiological, environmental, or dietary
conditions, with the primary fuel source of long fatty acids. The failing heart develops a
metabolic inflexibility characterized by inefficient β-oxidation of FA and a switch to glucose
utilization as the primary energy source [2]. This impaired metabolic flexibility can lead to
an accumulation of FA oxidation intermediates such as acylcarnitines. The main function
of free carnitine (L-carnitine) is to transport long-chain fatty acids—as acylcarnitines—
across the inner mitochondrial membrane, thereby delivering these substrates for ATP
production [115,116]. Ahmad et al. found higher levels of long chain acylcarnitines (C16
and C18) in CHF patients, which then decreased with LVAD support [4]. Medium and long
chain acylcarnitines were previously found to be associated with CVD events [40,42,43].
Thus, these metabolites may reflect altered mitochondrial fatty acid oxidation in CVD,
although additional investigation is required to determine the mechanistic causes of the
increased circulating acylcarnitine pool.
Carley et al. recently found an unexpected preference for short chain fatty acids
(SCFAs) in the failing heart. SCFAs are products of fiber-rich diet degradation by the gut
microbiome. Particularly, butyrate showed a higher affinity in mitochondrial oxidation
than its ketone bodies counterpart [117]. Reduced butyrate production was previously
found in HF patients [118], while high levels of valerate have been correlated with CAD
events [19].
Myocardial fatty acid oxidation rates in the failing heart is still a controversial topic, with
some studies reporting an increase, decrease, or no change in fatty acid metabolism [119].
Polyunsaturated fatty acids (PUFAs) and their subclasses are the main type of fatty acids
of interest in CVD metabolomic studies. Long-chain n-3 PUFAs may have antiatherogenic
effects and improve endothelial function as observed in experimental and epidemiological
studies [120–122]. Würtz et al. observed higher concentrations of omega-6 FA, total PUFA’s,
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and docosahexaenoic acid (DHA; an omega-3 fatty acid) were associated with lower CVD
risk [60]. Results from other cohort studies suggest that PUFAs are associated with a lower
CVD risk [123], and dietary consumption of PUFAs can lower cardiovascular risk [124,125],
but intervention trials do not suggest risk reduction by PUFA supplementation [126,127].
The role of PUFAs in nutritional supplementation as well as other micro and macronutrients
have been previously reviewed [128], although controversy of the role of PUFAs and fatty
acid oxidation in CVD pathophysiology remains.
3.3. Phospholipids
Phospholipid species may represent biomarkers for the early detection of heightened
oxidative stress associated with CVD. Inefficient ATP production can lead to increased re-
active oxidative species (ROS) generation and further oxidation of phospholipids [129,130].
Oxidative stress can lead to myocardium impairment (e.g., hypoxia), accelerating the
progression of cardiovascular diseases [131]. Oxidation of phospholipids and cholesterol in
LDL plays an important role in the progression of atherosclerosis [132], and Lu et al. found
that oxidized phospholipids, were significantly elevated in plasma of MI patients [24].
Phospholipids are also important in maintaining HDL integrity and stability and prevent
HDL clearance from plasma [133]. In a recent review of lipidomic lipoprotein studies
in CVD, Ding et al. showed only the associations of phospholipids with CVD outcomes
remained after adjusting for HDL-c and LDL-c [134]. This indicates that phospholipids
may be a valuable biomarker independent of total cholesterol and HDL-c.
Phospholipid molecules are shown to be increased and decreased in different models
of CVD. The opposing sensitivity of different PC species to future cardiovascular events
may relate to the instability of the PC species under heightened oxidative stress or the
altered HDL composition and impaired function associated with CVD [135,136]. In general,
it has been observed that PC species containing long chain saturated and monounsaturated
FAs positively associate with mortality, while PC with long-chain PUFAs appeared to
be associated with a protective effect. One of the most studied phospholipid-related
metabolites is trimethylamine-N-oxide (TMAO), which is generated in the liver through
the oxidation of trimethylamine (TMA). TMA is produced by the gut microbiota in the
intestinal tract through a pathway involving dietary nutrients such as phosphatidylcholine,
choline, and carnitine [137]. High levels of TMAO are known to promote atherosclerosis
and thrombosis [138]. The link between TMAO and cardiovascular risk in humans was
first reported by Wang et al. 2011 [57] and further validated in different populations such
as CHF and CAD among others [50,51,139–143].
3.4. Glycolipids
Glycolipids comprises the bulk of storage fat in tissues. Esterification of one, two or
three fatty acyls to glycerol lead to the formation of monoacylglycerol (MG), diacylglycerol
(DG) and TG species. MGs and DGs represent intermediates in the biosynthesis and
hydrolysis of TGs and function as second messengers in signal transduction pathways such
as insulin-signaling pathway [144–147]. The molecules of TG suppress insulin receptors,
thus inducing peripheral insulin resistance [146,147]. DG accumulation has been linked to
impaired insulin-stimulated glucose oxidation in the heart [148] as well as insulin resistance
and mitochondrial dysfunction [149]. It has previously been shown that the breakdown
and synthesis of triglycerides by DG and MG have a causal effect on CVD risk [150].
The relationship between total TGs and CVD risk is well established; however, the
relationships between individual glycolipid species and CVD are not. Studies of individual
TGs may help better characterize insulin resistance and CVD better than total TGs. For
instance, Ganna et al. found that adding MG 18:2 to a model with main cardiovascu-
lar risk factors was a better predictor of CVD than total TGs [14]. As seen with other
metabolite classes and due to the heterogeneity of the glycolipid class, different species
can have opposing associations to CVD risk. It has been shown that saturated TG 16:0
fatty acid was positively associated with fasting serum insulin concentrations and but
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unsaturated TG 18:3 was negatively associated [146]. Kotronen et al. found that saturated
and monosaturated TG molecules (TG (16:0/16:0/18:1) and TG (16:0/18:1/18:0)) correlated
positively with insulin resistance, whereas those containing essential fatty acids, such as
TG (18:1/18:2/18:2), correlated negatively [147]. Moreover, in the prospective population-
based Bruneck study, a specific cluster of TGs with low carbon number and double-bond
content, (saturated and monounsaturated) was most consistently associated with CVD [46].
Applying a network-based analytical method, Wang et al. linked a DG and MG cluster
to increased CVD risk [56]. These findings may support the link of MGs, DGs, and short
saturated TGs to insulin resistance and associated CVD.
3.5. Cholesterol Esters
A variety of lipid particles enter and accumulate in the artery wall; however, choles-
terol esters and native cholesterol are the most common. Most of the CE enters the artery as
components of lipoproteins (LDL, VLDL, HDL) which have been identified in atheroscle-
rotic lesions. The relationship of the vascular matrix, deposits of CE in the arterial wall
and its contribution to atherosclerosis is well-documented [151–153]. The specific species
composition of the CE is likely to be an important atherogenic factor. Infiltrating LDL
particles containing a CE-rich core with linoleic acid [CE (18:2)] are thought to be less
atherogenic [154]. LDL particles enriched with monounsaturated CE (CE 18:1) are larger
and more active in binding to arterial proteoglycans, leading to the subsequent formation
of atherosclerotic lesions [155].
Altered levels of CE found in the blood may be due to deficient conversion of
free cholesterol to CE (catalyzed by Lecithin-Cholesterol-Acyl-Transferase (LCAT)). In
a lipidomic analysis of CVD patients it was found that the ratios of concentrations of CE to
free cholesterol were lower in the CVD cohorts than in the control cohort, indicating a defi-
cient conversion of free cholesterol to CE in the blood plasma [156]. In a population-based
lipidomic study, it was found that monounsaturated CE (16:1) was the most positively
associated with the risk of CVD [46]. In the PREDIMED trial it was found that highly
unsaturated CEs were inversely associated with CVD [39,56,58]. A previous prospective
cohort study also found CE (16:1) and (CE 18:1) to be positively associated with CAD in
acute coronary syndrome patients.
3.6. Sphingolipids/Ceramides
Sphingolipids and their precursors ceramides (Cer), may be involved in the pathogen-
esis of CVD through multiple pathways including inflammation [157], atherosclerosis [158],
and apoptosis [159]. In the failing heart, the heart shows remodeling with increased fi-
brosis in the matrix [160] with myocyte loss by apoptosis occurring in parallel with the
onset of fibrosis [161,162]. Increased ceramide species in plasma have been associated
with increased cardiac remodeling and cardiac dysfunction in humans [33]. The specific
ceramides Cer (d18:1/16:0), Cer (d18:1/18:0), and Cer (d18:1/24:1) were consistently found
to be associated with CVD outcomes in the FINRISK study [16], the Corogene study [22],
and the PREDIMED trial [58]. In the LURIC study, three sphingomyelin species were
associated with mortality [44]. The positive association between ceramide and risk in CVD
may also be due to the influence of ceramide on the function of LDLs, since ceramides
are primarily contained in LDLs. A previous study has shown that LDLs extracted from
human atherosclerosis lesions are highly enriched in ceramides [163].
Although, the biochemical pathways responsible for altered sphingolipid synthesis
and metabolism in CVD still incompletely understood, they have shown the best prog-
nostic value out of the other metabolite classes thus far. For instance, the ceramide score
CERT1 was originally developed for CAD patients by Zora Biosciences and validated in
multiple prospective clinical studies. It has since been updated to CERT2 [7,16,17,22,164].
Another sphingolipid-based score for CAD patients named the sphingolipid-inclusive
CAD (SIC) risk score outperformed the CERT1 score and conventional CVD biomarkers in
an exploratory analysis. The only metabolomics-based score recommended in the clinic is a
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ceramide-based score for the prediction of CVD events are in patients with established CAD
(https://news.mayocliniclabs.com/ceramides-miheart/. Accessed 5 June 2021). Thus,
through lipidomics studies, plasma ceramides have emerged as the most promising new
metabolite-based biomarker for CVD with clinical application.
4. Future Directions
Early detection and prevention of CVD could help reduce the socio-economic, psy-
chological, and physical burdens on patients. Several factors like the diversity of CVD
pathology and its preceding metabolic events make early CVD detection and preven-
tion challenging. Traditional lipid profiling that measures HDL-C, LDL-C, triglycerides
and total cholesterol, do not reflect precise molecular perturbations in lipid metabolism
associated with CVD onset and progression. Thus, early-stage or long-term prediction
scores incorporating metabolomic and traditional biomarkers are emerging as powerful
tools in CVD risk management. In addition, short-term prognostic biomarkers or scores
of hospitalized or acute care patients can help clinicians make more informed decisions.
The ability to detect blood or urine metabolites in near real-time could allow clinicians
to monitor worsening or improving clinical trajectories and to target early interventions.
Monitoring changes in metabolite profiles over time, with aging, pre/post-surgery, or
following medication administration could be used to define an individual’s predisposition
for disease or response to therapy. Identification of novel drug targets and customization
of drug dosing are also emerging applications of metabolomic technology [165,166].
In parallel and in support of future clinical applications is the ability of metabolomics
to help uncover biological mechanisms. Multiomic or panomic approaches integrate multi-
ple “omes”, such as the genome, proteome, transcriptome, epigenome and microbiome
and can provide more precise maps of physiological networks of CVD. For example, the
CardioNet study used this approach to map the metabolic network of human cardiomy-
ocytes and has the ability to model the flux rates under various conditions [167]. A major
challenge of multi-omics and systems biology approaches is the ability to integrate and
manage large diverse molecular datasets which require more sophisticated computational
and statistical approaches. As technology and methodologies evolve, the molecular com-
plexity of cardiovascular and other diseases will become more and more illuminated while
contributing to novel diagnostic, prognostic, or therapeutic strategies.
The future translation of metabolomics to the clinical setting will require significant
investment in infrastructure, protocol standardization, education of providers and patients,
regulatory and reimbursement structure [96]. Most importantly, metabolomic analyte
quantitation needs to first be standardized and then developed to clinical laboratory
standards. As throughput technologies have become more powerful and databases for
compound identification more robust, standardized procedures are increasingly being
applied to large clinical cohorts and we are beginning to see consistency in the findings
reported across different metabolomics studies. Ultimately, the goal is to efficiently and
effectively conduct molecular phenotyping to advance the goals of precision medicine,
thus analysis of biomarkers and mechanisms such as lipid metabolites in CVD is a step
toward that direction.
5. Conclusions
Our review shows that lipid-based metabolite biomarkers can assist in the diagnosis
and prognosis of CVD, but caution must be applied in how we infer the associated periph-
eral metabolic perturbations. Lipidomic results from human studies have not, thus far, been
able to provide detailed and consistent information on the underlying pathomechanisms
of CVD. Our review found conflicting results of changes of individual metabolite species
across studies, possibly due to high levels of heterogeneity in regard to study design and
analytical platforms/approaches. Therefore, our knowledge at the biological level of CVD
in humans is mostly related to the classes of lipids (acylcarnitines/fatty acids, phospho-
lipids, glycolipids, cholesterol esters, sphingolipids/ceramides) and their associations with
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outcomes, rather than single lipid species. The heterogeneity of the study designs and
analyses make comparison of results challenging and represent an opportunity for more
standardization in this emerging field.
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91. Hansen, A.L.; Kupče, E.R.; Li, D.W.; Bruschweiler-Li, L.; Wang, C.; Brüschweiler, R. 2D NMR-Based Metabolomics with
HSQC/TOCSY NOAH Supersequences. Anal. Chem. 2021, 93, 6112–6119. [CrossRef]
92. Mahrous, E.A.; Lee, R.B.; Lee, R.E. Lipid profiling using two-dimensional heteronuclear single quantum coherence NMR. Methods
Mol. Biol. 2009, 579, 89–102. [PubMed]
93. Sachleben, J.R.; Yi, R.; Volden, P.A.; Conzen, S.D. Aliphatic chain length by isotropic mixing (ALCHIM): Determining composition
of complex lipid samples by 1H NMR spectroscopy. J. Biomol. NMR 2014, 59, 161–173. [CrossRef] [PubMed]
94. Tokunaga, T.; Okamoto, M. Recent progress in LC-NMR. Sumitomo Kagaku 2010, 2010, 40–48.
95. Akira, K.; Mitome, H.; Imachi, M.; Shida, Y.; Miyaoka, H.; Hashimoto, T. LC-NMR identification of a novel taurine-related
metabolite observed in (1)H NMR-based metabonomics of genetically hypertensive rats. J. Pharm. Biomed. Anal. 2010, 51,
1091–1096. [CrossRef] [PubMed]
96. Cheng, S.; Shah, S.H.; Corwin, E.J.; Fiehn, O.; Fitzgerald, R.L.; Gerszten, R.E.; Illig, T.; Rhee, E.P.; Srinivas, P.R.; Wang, T.J.; et al.
Potential Impact and Study Considerations of Metabolomics in Cardiovascular Health and Disease: A Scientific Statement From
the American Heart Association. Circ. Cardiovasc. Genet. 2017, 10, e000032. [CrossRef]
97. McGarrah, R.W.; Crown, S.B.; Zhang, G.F.; Shah, S.H.; Newgard, C.B. Cardiovascular Metabolomics. Circ. Res. 2018, 122,
1238–1258. [CrossRef]
98. Dunn, W.B.; Broadhurst, D.; Begley, P.; Zelena, E.; Francis-McIntyre, S.; Anderson, N.; Brown, M.; Knowles, J.D.; Halsall, A.;
Haselden, J.N.; et al. Procedures for large-scale metabolic profiling of serum and plasma using gas chromatography and liquid
chromatography coupled to mass spectrometry. Nat. Protoc. 2011, 6, 1060–1083. [CrossRef]
99. Di Guida, R.; Engel, J.; Allwood, J.W.; Weber, R.J.; Jones, M.R.; Sommer, U.; Viant, M.R.; Dunn, W.B. Non-targeted UHPLC-MS
metabolomic data processing methods: A comparative investigation of normalisation, missing value imputation, transformation
and scaling. Metabolomics 2016, 12, 93. [CrossRef]
100. MacLean, B.; Tomazela, D.M.; Shulman, N.; Chambers, M.; Finney, G.L.; Frewen, B.; Kern, R.; Tabb, D.L.; Liebler, D.C.; MacCoss,
M.J. Skyline: An open source document editor for creating and analyzing targeted proteomics experiments. Bioinformatics 2010,
26, 966–968. [CrossRef]
101. Smith, C.A.; Want, E.J.; O’Maille, G.; Abagyan, R.; Siuzdak, G. XCMS: Processing mass spectrometry data for metabolite profiling
using nonlinear peak alignment, matching, and identification. Anal. Chem. 2006, 78, 779–787. [CrossRef]
102. Katajamaa, M.; Miettinen, J.; Oresic, M. MZmine: Toolbox for processing and visualization of mass spectrometry based molecular
profile data. Bioinformatics 2006, 22, 634–636. [CrossRef] [PubMed]
103. Xia, J.; Psychogios, N.; Young, N.; Wishart, D.S. MetaboAnalyst: A web server for metabolomic data analysis and interpretation.
Nucleic Acids Res. 2009, 37, W652–W660. [CrossRef]
104. Jacob, D.; Deborde, C.; Lefebvre, M.; Maucourt, M.; Moing, A. NMRProcFlow: A graphical and interactive tool dedicated to 1D
spectra processing for NMR-based metabolomics. Metabolomics 2017, 13, 36. [CrossRef] [PubMed]
105. Cuperlovic-Culf, M. Machine Learning Methods for Analysis of Metabolic Data and Metabolic Pathway Modeling. Metabolites
2018, 8, 4. [CrossRef]
106. Harrell, F.E.; Califf, R.M.; Pryor, D.B.; Lee, K.L.; Rosati, R.A. Evaluating the yield of medical tests. JAMA 1982, 247, 2543–2546.
[CrossRef]
107. Pencina, M.J.; D’Agostino, R.B.; Steyerberg, E.W. Extensions of net reclassification improvement calculations to measure usefulness
of new biomarkers. Stat. Med. 2011, 30, 11–21. [CrossRef] [PubMed]
108. Düngen, H.D.; Tscholl, V.; Obradovic, D.; Radenovic, S.; Matic, D.; Musial Bright, L.; Tahirovic, E.; Marx, A.; Inkrot, S.; Hashemi,
D.; et al. Prognostic performance of serial in-hospital measurements of copeptin and multiple novel biomarkers among patients
with worsening heart failure: Results from the MOLITOR study. ESC Heart Fail. 2018, 5, 288–296. [CrossRef]
109. Krackhardt, F.; Düngen, H.D.; Trippel, T.D.; Inkrot, S.; Tscholl, V.; Schlattmann, P.; Kehrt, K.; Haverkamp, W. N-terminal
pro-B-type natriuretic peptide and long-term mortality in non-ischaemic cardiomyopathy. Wien. Klin. Wochenschr. 2011, 123,
738–742. [CrossRef] [PubMed]
110. Loncar, G.; Bozic, B.; Neskovic, A.N.; Cvetinovic, N.; Lainscak, M.; Prodanovic, N.; Dungen, H.D.; von Haehling, S.; Radojicic, Z.;
Trippel, T.; et al. Androgen status in non-diabetic elderly men with heart failure. Aging Male 2017, 20, 215–224. [CrossRef]
Metabolites 2021, 11, 621 24 of 26
111. Kato, T.; Niizuma, S.; Inuzuka, Y.; Kawashima, T.; Okuda, J.; Tamaki, Y.; Iwanaga, Y.; Narazaki, M.; Matsuda, T.; Soga, T.; et al.
Analysis of metabolic remodeling in compensated left ventricular hypertrophy and heart failure. Circ. Heart Fail. 2010, 3, 420–430.
[CrossRef] [PubMed]
112. McGranaghan, P.; Saxena, A.; Rubens, M.; Radenkovic, J.; Bach, D.; Schleussner, L.; Pieske, B.; Edelmann, F.; Trippel, T.D.
Predictive value of metabolomic biomarkers for cardiovascular disease risk: A systematic review and meta-analysis. Biomarkers
2020, 25, 101–111. [CrossRef]
113. Ruiz-Canela, M.; Hruby, A.; Clish, C.B.; Liang, L.; Martinez-Gonzalez, M.A.; Hu, F.B. Comprehensive Metabolomic Profiling and
Incident Cardiovascular Disease: A Systematic Review. J. Am. Heart Assoc. 2017, 6, e005705. [CrossRef] [PubMed]
114. Grösch, S.; Schiffmann, S.; Geisslinger, G. Chain length-specific properties of ceramides. Prog. Lipid Res. 2012, 51, 50–62. [CrossRef]
115. Bremer, J. Carnitine–metabolism and functions. Physiol. Rev. 1983, 63, 1420–1480. [CrossRef]
116. Nickel, A.; Löffler, J.; Maack, C. Myocardial energetics in heart failure. Basic Res. Cardiol. 2013, 108, 358. [CrossRef]
117. Carley, A.N.; Maurya, S.K.; Fasano, M.; Wang, Y.; Selzman, C.H.; Drakos, S.G.; Lewandowski, E.D. Short-Chain Fatty Acids
Outpace Ketone Oxidation in the Failing Heart. Circulation 2021, 143, 1797–1808. [CrossRef]
118. Trøseid, M.; Andersen, G.; Broch, K.; Hov, J.R. The gut microbiome in coronary artery disease and heart failure: Current
knowledge and future directions. EBioMedicine 2020, 52, 102649. [CrossRef]
119. Lopaschuk, G.D.; Ussher, J.R.; Folmes, C.D.; Jaswal, J.S.; Stanley, W.C. Myocardial fatty acid metabolism in health and disease.
Physiol. Rev. 2010, 90, 207–258. [CrossRef]
120. Thies, F.; Garry, J.M.; Yaqoob, P.; Rerkasem, K.; Williams, J.; Shearman, C.P.; Gallagher, P.J.; Calder, P.C.; Grimble, R.F. Association
of n-3 polyunsaturated fatty acids with stability of atherosclerotic plaques: A randomised controlled trial. Lancet 2003, 361,
477–485. [CrossRef]
121. Renier, G.; Skamene, E.; DeSanctis, J.; Radzioch, D. Dietary n-3 polyunsaturated fatty acids prevent the development of
atherosclerotic lesions in mice. Modulation of macrophage secretory activities. Arterioscler. Thromb. 1993, 13, 1515–1524.
[CrossRef] [PubMed]
122. von Schacky, C.; Angerer, P.; Kothny, W.; Theisen, K.; Mudra, H. The effect of dietary omega-3 fatty acids on coronary atheroscle-
rosis. A randomized, double-blind, placebo-controlled trial. Ann. Intern. Med. 1999, 130, 554–562. [CrossRef] [PubMed]
123. Kotwal, S.; Jun, M.; Sullivan, D.; Perkovic, V.; Neal, B. Omega 3 Fatty acids and cardiovascular outcomes: Systematic review and
meta-analysis. Circ. Cardiovasc. Qual. Outcomes 2012, 5, 808–818. [CrossRef] [PubMed]
124. Jakobsen, M.U.; O’Reilly, E.J.; Heitmann, B.L.; Pereira, M.A.; Bälter, K.; Fraser, G.E. Major types of dietary fat and risk of coronary
heart disease: A pooled analysis of 11 cohort studies. Am. J. Clin. Nutr. 2009, 89, 1425–1432. [CrossRef] [PubMed]
125. Mozaffarian, D.; Micha, R.; Wallace, S. Effects on coronary heart disease of increasing polyunsaturated fat in place of saturated
fat: A systematic review and meta-analysis of randomized controlled trials. PLoS Med. 2010, 7, e1000252. [CrossRef] [PubMed]
126. Roncaglioni, M.C.; Tombesi, M.; Avanzini, F.; Barlera, S.; Caimi, V.; Longoni, P.; Marzona, I.; Milani, V.; Silletta, M.G.; Tognoni, G.;
et al. n-3 fatty acids in patients with multiple cardiovascular risk factors. N. Engl. J. Med. 2013, 368, 1800–1808.
127. Rizos, E.C.; Ntzani, E.E.; Bika, E.; Kostapanos, M.S.; Elisaf, M.S. Association between omega-3 fatty acid supplementation and
risk of major cardiovascular disease events: A systematic review and meta-analysis. JAMA 2012, 308, 1024–1033. [CrossRef]
128. Trippel, T.D.; Anker, S.D.; von Haehling, S. The role of micronutrients and macronutrients in patients hospitalized for heart
failure. Heart Fail. Clin. 2013, 9, 345–357. [CrossRef]
129. Tallman, K.A.; Kim, H.Y.; Ji, J.X.; Szapacs, M.E.; Yin, H.; McIntosh, T.J.; Liebler, D.C.; Porter, N.A. Phospholipid-protein adducts
of lipid peroxidation: Synthesis and study of new biotinylated phosphatidylcholines. Chem. Res. Toxicol. 2007, 20, 227–234.
[CrossRef]
130. Reis, A.; Spickett, C.M. Chemistry of phospholipid oxidation. Biochim. Biophys. Acta 2012, 1818, 2374–2387. [CrossRef]
131. Gianazza, E.; Brioschi, M.; Fernandez, A.M.; Banfi, C. Lipoxidation in cardiovascular diseases. Redox Biol. 2019, 23, 101119.
[CrossRef]
132. Berliner, J.A.; Watson, A.D. A role for oxidized phospholipids in atherosclerosis. N. Engl. J. Med. 2005, 353, 9–11. [CrossRef]
[PubMed]
133. Camont, L.; Lhomme, M.; Rached, F.; Le Goff, W.; Nègre-Salvayre, A.; Salvayre, R.; Calzada, C.; Lagarde, M. Small, dense
high-density lipoprotein-3 particles are enriched in negatively charged phospholipids: Relevance to cellular cholesterol efflux,
antioxidative, antithrombotic, anti-inflammatory, and antiapoptotic functionalities. Arterioscler. Thromb. Vasc. Biol. 2013, 33,
2715–2723. [CrossRef] [PubMed]
134. Ding, M.; Rexrode, K.M. A Review of Lipidomics of Cardiovascular Disease Highlights the Importance of Isolating Lipoproteins.
Metabolites 2020, 10, 163. [CrossRef] [PubMed]
135. Lessig, J.; Fuchs, B. Plasmalogens in biological systems: Their role in oxidative processes in biological membranes, their
contribution to pathological processes and aging and plasmalogen analysis. Curr. Med. Chem. 2009, 16, 2021–2041. [CrossRef]
136. Holzer, M.; Birner-Gruenberger, R.; Stojakovic, T.; El-Gamal, D.; Binder, V.; Wadsack, C.; Heinemann, A.; Marsche, G. Uremia
alters HDL composition and function. J. Am. Soc. Nephrol. 2011, 22, 1631–1641. [CrossRef]
137. Janeiro, M.H.; Ramírez, M.J.; Milagro, F.I.; Martínez, J.A.; Solas, M. Implication of Trimethylamine N-Oxide (TMAO) in Disease:
Potential Biomarker or New Therapeutic Target. Nutrients 2018, 10, 1398. [CrossRef] [PubMed]
138. Zhu, W.; Wang, Z.; Tang, W.H.W.; Hazen, S.L. Gut Microbe-Generated Trimethylamine. Circulation 2017, 135, 1671–1673.
[CrossRef]
Metabolites 2021, 11, 621 25 of 26
139. Senthong, V.; Wang, Z.; Li, X.S.; Fan, Y.; Wu, Y.; Tang, W.H.; Hazen, S.L. Intestinal Microbiota-Generated Metabolite
Trimethylamine-N-Oxide and 5-Year Mortality Risk in Stable Coronary Artery Disease: The Contributory Role of Intestinal
Microbiota in a COURAGE-Like Patient Cohort. J. Am. Heart Assoc. 2016, 5, e002816. [CrossRef]
140. Tang, W.H.; Wang, Z.; Shrestha, K.; Borowski, A.G.; Wu, Y.; Troughton, R.W.; Klein, A.L.; Hazen, S.L. Intestinal microbiota-
dependent phosphatidylcholine metabolites, diastolic dysfunction, and adverse clinical outcomes in chronic systolic heart failure.
J. Card. Fail. 2015, 21, 91–96. [CrossRef]
141. Organ, C.L.; Otsuka, H.; Bhushan, S.; Wang, Z.; Bradley, J.; Trivedi, R.; Polhemus, D.J.; Tang, W.H.; Wu, Y.; Hazen, S.L.; et al.
Choline Diet and Its Gut Microbe-Derived Metabolite, Trimethylamine N-Oxide, Exacerbate Pressure Overload-Induced Heart
Failure. Circ. Heart Fail. 2016, 9, e002314. [CrossRef] [PubMed]
142. Senthong, V.; Wang, Z.; Fan, Y.; Wu, Y.; Hazen, S.L.; Tang, W.H. Trimethylamine N-Oxide and Mortality Risk in Patients with
Peripheral Artery Disease. J. Am. Heart Assoc. 2016, 5, e004237. [CrossRef] [PubMed]
143. Undurti, A.; Huang, Y.; Lupica, J.A.; Smith, J.D.; DiDonato, J.A.; Hazen, S.L. Modification of high density lipoprotein by
myeloperoxidase generates a pro-inflammatory particle. J. Biol. Chem. 2009, 284, 30825–30835. [CrossRef] [PubMed]
144. Coleman, R.A.; Lee, D.P. Enzymes of triacylglycerol synthesis and their regulation. Prog. Lipid Res. 2004, 43, 134–176. [CrossRef]
145. Prentki, M.; Madiraju, S.R. Glycerolipid metabolism and signaling in health and disease. Endocr. Rev. 2008, 29, 647–676. [CrossRef]
146. Tremblay, A.J.; Després, J.P.; Piché, M.E.; Nadeau, A.; Bergeron, J.; Alméras, N.; Tremblay, A.; Lemieux, S. Associations between
the fatty acid content of triglyceride, visceral adipose tissue accumulation, and components of the insulin resistance syndrome.
Metabolism 2004, 53, 310–317. [CrossRef]
147. Kotronen, A.; Velagapudi, V.R.; Yetukuri, L.; Westerbacka, J.; Bergholm, R.; Ekroos, K.; Makkonen, J.; Taskinen, M.R.; Oresic, M.;
Yki-Järvinen, H. Serum saturated fatty acids containing triacylglycerols are better markers of insulin resistance than total serum
triacylglycerol concentrations. Diabetologia 2009, 52, 684–690. [CrossRef]
148. Zhang, L.; Ussher, J.R.; Oka, T.; Cadete, V.J.; Wagg, C.; Lopaschuk, G.D. Cardiac diacylglycerol accumulation in high fat-fed mice
is associated with impaired insulin-stimulated glucose oxidation. Cardiovasc. Res. 2011, 89, 148–156. [CrossRef]
149. Koves, T.R.; Ussher, J.R.; Noland, R.C.; Slentz, D.; Mosedale, M.; Ilkayeva, O.; Bain, J.; Stevens, R.; Dyck, J.R.; Newgard, C.B.; et al.
Mitochondrial overload and incomplete fatty acid oxidation contribute to skeletal muscle insulin resistance. Cell Metab. 2008, 7,
45–56. [CrossRef]
150. Do, R.; Willer, C.J.; Schmidt, E.M.; Sengupta, S.; Gao, C.; Peloso, G.M.; Gustafsson, S.; Kanoni, S.; Ganna, A.; Chen, J.; et al.
Common variants associated with plasma triglycerides and risk for coronary artery disease. Nat. Genet. 2013, 45, 1345–1352.
[CrossRef] [PubMed]
151. Jerome, W.G. Lysosomes, cholesterol and atherosclerosis. Clin. Lipidol. 2010, 5, 853–865. [CrossRef]
152. Suarna, C.; Dean, R.T.; May, J.; Stocker, R. Human atherosclerotic plaque contains both oxidized lipids and relatively large
amounts of alpha-tocopherol and ascorbate. Arterioscler. Thromb. Vasc. Biol. 1995, 15, 1616–1624. [CrossRef] [PubMed]
153. Rudel, L.L.; Shelness, G.S. Cholesterol esters and atherosclerosis-a game of ACAT and mouse. Nat. Med. 2000, 6, 1313–1314.
[CrossRef]
154. Mallat, Z.; Nakamura, T.; Ohan, J.; Lesèche, G.; Tedgui, A.; Maclouf, J.; Murphy, R.C. The relationship of hydroxyeicosatetraenoic
acids and F2-isoprostanes to plaque instability in human carotid atherosclerosis. J. Clin. Investig. 1999, 103, 421–427. [CrossRef]
[PubMed]
155. Degirolamo, C.; Shelness, G.S.; Rudel, L.L. LDL cholesteryl oleate as a predictor for atherosclerosis: Evidence from human and
animal studies on dietary fat. J. Lipid Res. 2009, 50, S434–S439. [CrossRef]
156. Gerl, M.J.; Vaz, W.L.C.; Domingues, N.; Klose, C.; Surma, M.A.; Sampaio, J.L.; Almeida, M.S.; Rodrigues, G.; Araújo-Gonçalves, P.;
Ferreira, J.; et al. Cholesterol is Inefficiently Converted to Cholesteryl Esters in the Blood of Cardiovascular Disease Patients. Sci.
Rep. 2018, 8, 14764. [CrossRef] [PubMed]
157. Maceyka, M.; Spiegel, S. Sphingolipid metabolites in inflammatory disease. Nature 2014, 510, 58–67. [CrossRef]
158. Edsfeldt, A.; Dunér, P.; Ståhlman, M.; Mollet, I.G.; Asciutto, G.; Grufman, H.; Nitulescu, M.; Persson, A.F.; Fisher, R.M.; Melander,
O.; et al. Sphingolipids Contribute to Human Atherosclerotic Plaque Inflammation. Arterioscler. Thromb. Vasc. Biol. 2016, 36,
1132–1140. [CrossRef]
159. Tirodkar, T.S.; Voelkel-Johnson, C. Sphingolipids in apoptosis. Exp. Oncol. 2012, 34, 231–242.
160. van Heerebeek, L.; Borbély, A.; Niessen, H.W.; Bronzwaer, J.G.; van der Velden, J.; Stienen, G.J.; Linke, W.A.; Laarman, G.J.;
Paulus, W.J. Myocardial structure and function differ in systolic and diastolic heart failure. Circulation 2006, 113, 1966–1973.
[CrossRef] [PubMed]
161. Li, X.M.; Ma, Y.T.; Yang, Y.N.; Liu, F.; Chen, B.D.; Han, W.; Zhang, J.F.; Gao, X.M. Downregulation of survival signalling pathways
and increased apoptosis in the transition of pressure overload-induced cardiac hypertrophy to heart failure. Clin. Exp. Pharmacol.
Physiol. 2009, 36, 1054–1061. [CrossRef] [PubMed]
162. Sabbah, H.N.; Sharov, V.G.; Goldstein, S. Cell death, tissue hypoxia and the progression of heart failure. Heart Fail. Rev. 2000, 5,
131–138. [CrossRef] [PubMed]
163. Schissel, S.L.; Tweedie-Hardman, J.; Rapp, J.H.; Graham, G.; Williams, K.J.; Tabas, I. Rabbit aorta and human atherosclerotic
lesions hydrolyze the sphingomyelin of retained low-density lipoprotein. Proposed role for arterial-wall sphingomyelinase in
subendothelial retention and aggregation of atherogenic lipoproteins. J. Clin. Investig. 1996, 98, 1455–1464. [CrossRef] [PubMed]
Metabolites 2021, 11, 621 26 of 26
164. Kauhanen, D.; Sysi-Aho, M.; Koistinen, K.M.; Laaksonen, R.; Sinisalo, J.; Ekroos, K. Development and validation of a high-
throughput, L.C.-MS/MS assay for routine measurement of molecular ceramides. Anal. Bioanal. Chem. 2016, 408, 3475–3483.
[CrossRef]
165. Wishart, D.S. Emerging applications of metabolomics in drug discovery and precision medicine. Nat. Rev. Drug Discov. 2016, 15,
473–484. [CrossRef] [PubMed]
166. Dang, V.T.; Huang, A.; Werstuck, G.H. Untargeted Metabolomics in the Discovery of Novel Biomarkers and Therapeutic Targets
for Atherosclerotic Cardiovascular Diseases. Cardiovasc. Hematol. Disord. Drug Targets. 2018, 18, 166–175. [CrossRef]
167. Karlstädt, A.; Fliegner, D.; Kararigas, G.; Ruderisch, H.S.; Regitz-Zagrosek, V.; Holzhütter, H.G. CardioNet: A human metabolic
network suited for the study of cardiomyocyte metabolism. BMC Syst. Biol. 2012, 6, 114. [CrossRef] [PubMed]
